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Abstract Microbial dynamics drive the biotic machinery of early soil evolution. However, integrated
knowledge of microbial community establishment, functional associations, and community assembly
processes in incipient soil is lacking. This study presents a novel approach of combining microbial
phylogenetic proﬁling, functional predictions, and community assembly processes to analyze drivers of
microbial community establishment in an emerging soil system. Rigorous submeter sampling of a basalt‐soil
lysimeter after 2 years of irrigation revealed that microbial community colonization patterns and associated
soil parameters were depth dependent. Phylogenetic analysis of 16S rRNA gene sequences indicated the
presence of diverse bacterial and archaeal phyla, with high relative abundance of Actinomyceles on the
surface and a consistently high abundance of Proteobacteria (Alpha, Beta, Gamma, and Delta) at all depths.
Despite depth‐dependent variation in community diversity, predicted functional gene analysis suggested
that microbial metabolisms did not differ with depth, thereby suggesting redundancy in functional potential
throughout the system. Null modeling revealed that microbial community assembly patterns were
predominantly governed by variable selection. The relative inﬂuence of variable selection decreased with
depth, indicating unique and relatively harsh environmental conditions near the surface and more benign
conditions with depth. Additionally, community composition near the center of the domain was inﬂuenced
by high levels of dispersal, suggesting that spatial processes interact with deterministic selection imposed
by the environment. These results suggest that for oligotrophic systems, there are major differences in the
length scales of variation between vertical and horizontal dimensions with the vertical dimension
dominating variation in physical, chemical, and biological features.
1. Introduction
The process of soil formation extends over a timescale of several thousand years. The ﬁve soil‐forming factors
(parent material, climate, topography, biota, and time) interact to deﬁne the state of a soil system and inﬂu-
ence soil formation (Jenny, 1941; Weil & Brady, 2017). The biotic component is microbially driven in an inci-
pient soil system lacking plants. In such incipient systems, pioneering microorganisms contribute a
biological component to weathering, for example, by accelerating the oxidation of reducedmetals in primary
minerals. Additionally, microbes have acid‐generating metabolisms and produce siderophores and other
organic molecules that function as metal complexing agents to drive weathering reactions, thereby inﬂuen-
cing the early buildup of labile nutrient pools that assist the growth of higher‐order plant life (Bradley et al.,
2014; Mapelli et al., 2012). These complex and coupled interactions provide a framework for soil genesis
(Bockheim et al., 2014). However, these processes are difﬁcult to observe in natural settings where initial soil
conditions and time‐variant forcings (e.g., water, energy and dust inputs, and parent material uniformity)
are either unknown and/or cannot be controlled, making it challenging to accurately assess the contribution
of the microbial community to soil formation.
Deﬁning andmeasuring the drivers of microbial dynamics in an incipient system is key to understanding the
coupling between soil formation factors during soil genesis. These drivers include in situ hydrological and
geochemical processes. For example, structural properties of the subsurface will control inﬁltration and
lateral redistribution of vadose zone water and groundwater and the resulting soil moisture spatial and tem-
poral dynamics. These hydrologic processes determine the residence time of a parcel of water in contact with





• A submeter sampling regime in an
incipient homogenous basalt soil
system revealed depth‐dependent
heterogeneous microbial presence
• Null modeling revealed strong
inﬂuences of variable selection,
resulting from localized abiotic
environment selection pressures
• Length of scales of variation of
hydrobiogeochemical signatures
varied signiﬁcantly along the
vertical dimension but not
horizontal
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microbial cells and mineral surfaces undergoing dissolution and regulate the reactive transport of nutrients
and microbes. Geochemical processes, including dissolution of primary minerals and precipitation of
secondary phases, inﬂuence nutrient availability and may facilitate microbial colonization (Banﬁeld et al.,
1999). These drivers interact with the developing microbial community to inﬂuence the biotic‐abiotic
couplings that impact the soil genesis process.
Analysis of the assembly processes or forces that inﬂuence the speciﬁc combinations of taxa that comprise a
microbial community is critical to understanding the dynamics of the developing microbial community.
There is vast literature in ecology (e.g., Ackerly, 2004; Bazzaz, 1991; Bell, 2001; Cavender‐Bares et al.,
2004, 2009; Donoghue, 2008; Emerson & Gillespie, 2008; Enquist et al., 2002; Fine et al., 2006;
Gillespie, 2004; Graham & Fine, 2008; He & Gaston, 2003; Hubbell, 2006; Jonathan Davies et al., 2007;
Loreau, 2004; Mittelbach et al., 2007; Pennington et al., 2006; Ricklefs, 2004; Strauss et al., 2006; Swenson
et al., 2007; Tilman, 2004; Vamosi et al., 2009; Webb et al., 2002; Weiher, 1999) focused on community
assembly that provides insight into diversity proﬁles, assembly processes driven by microniche favorability
in soil systems, and energy and metabolic requirements of microbial communities (Bradley et al., 2014;
Caruso et al., 2011; Stegen, Fredrickson, et al., 2016). The ecological processes describe assembly of different
microbial taxa that come together in a physical domain to constitute an intact community and range from
deterministic to stochastic processes (Stegen et al., 2013). This work has shaped microbial community
assembly studies (Burke et al., 2011; Dumbrell et al., 2010; Fan et al., 2012; Fuhrman, 2009; Green et al.,
2004; Hanson et al., 2012; Horner‐Devine et al., 2004; Nemergut et al., 2013; Pholchan et al., 2013; Sloan
et al., 2007, 2006; Stegen, Fredrickson, et al., 2016; Woodcock et al., 2007), but few attempts have been made
to examine the assembly patterns that arise in incipient soils (Brown & Jumpponen, 2014; Michel &
Williams, 2011; Schmidt et al., 2014). This greatly limits understanding of the random stochastic and selec-
tive deterministic processes that inﬂuence the mechanisms of microbial community structures in rapidly
evolving systems (Caruso et al., 2011), which in turn limits our capabilities to understand and predict the
cumulative impact of microbial community dynamics on early soil development.
Here we assessed microbial community dynamics and assembly processes in an incipient basaltic soil sys-
tem. It is noted that basalt in seaﬂoors, soda lakes, and terrestrial environments has been known to host
endemic endolithic microbial communities (Bengtson et al., 2014; Cockell et al., 2009; Orcutt et al., 2015;
Singer et al., 2015; Wani et al., 2006). However, there is no previous research known to the authors that
provides a view of incipient microbial community structure and assembly in basaltic porous media
subjected to through‐ﬂuxes of fresh meteoric water. Here microbial community dynamics and assembly
processes were assessed in a mesocosm‐containing fresh granular basalt, termed miniLEO, a lysimeter
with dimensions (L × D × W) of 2 m × 1 m × 0.5 m, and a slope angle of 10° housed at University of
Arizona's Biosphere 2 facility. The mesocosm (Sengupta et al., 2016) has low environmental and trophic
complexity and is designed to replicate the three massive zero‐order basin hillslopes of the Landscape
Evolution Observatory (LEO) at Biosphere 2 (Pangle et al., 2015). The bottom boundary of the lysimeter
is impermeable (no ﬂow boundary) and all water efﬂuxes through the seepage face (Kim et al., 2016;
Sengupta et al., 2016). Following a 2‐year period of controlled experimentation (including initially homo-
genous parent material, regimented irrigation, two‐dimensional ﬂow system with no signiﬁcant ﬂow
along the width, and a climate‐controlled environment), miniLEO was excavated in a spatially intensive
manner. Phylogenetic 16S rRNA gene amplicon sequencing was performed to determine patterns of bac-
terial and archaeal relative abundance and diversity and assess whether signiﬁcant spatial heterogeneity
of microbial taxa could be observed in the initially homogeneous basalt system. System properties (bulk
density, electrical conductivity, moisture content, pH, and carbon and nitrogen content) were quantiﬁed
to identify explanatory variables driving observed variances in microbial community diversity and compo-
sition. PICRUSt (Langille et al., 2013) was then used to generate preliminary hypotheses for microbial
functional potential and its spatial heterogeneity in the incipient system. The classical expectation that
shifts in community composition are governed deterministically by variation in environmental factors
does not account for spatial processes, stochasticity (Stegen et al., 2012), or ecologically neutral processes
(Rosindell et al., 2012) that may inﬂuence community composition. Therefore, ecological null models
(Stegen et al., 2012, 2015) were used to estimate the relative inﬂuence of deterministic ecological selection
and to further parse the inﬂuences of variable and homogenous selection and dispersal limitation and
homogenizing dispersal.
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2. Materials and Methods
2.1. Experimental Design and Sampling Scheme
Samples were collected from basaltic mesocosm (hereafter referred to as miniLEO) with dimensions of 2 m
length, 0.5 m width, 1 m height, and slope of 10° (Figure 1a) housed within the Landscape Evolution
Observatory (LEO) in Biosphere 2 (B2) at the University of Arizona. Basaltic tephra, mined from the
Merriam Crater near Flagstaff, AZ, crushed to a loamy sand texture (hereafter referred to as soil material)
served as the homogenous parent material. Detailed description of particle‐size distribution, mineral compo-
sition of the parent material, and instrumentation is provided in Pangle et al. (2015, 2017). The system was
subjected to 15.2 m (14,440 L) of irrigation with reverse‐osmosis ﬁltered water over a period of 644 days
during years 2014–2015 (Figure 1c). Irrigation was delivered as controlled pulses throughout the experiment
(Supporting Information Figure S1), separated by dry periods. During the entire duration of the experiment
miniLEOwas exposed to the internal environment of the enclosed LEO space although we cannot eliminate
the possibility of air inputs.
An intensive excavation and sampling protocol was executed over a period of 2 weeks in September 2015
(Sengupta et al., 2016). Brieﬂy, the mesocosm dimensions were divided into a Euclidean space of X, Y,
and Z coordinates, where X denotes width, Y denotes length, and Z denotes depth (Figure 1b). Next, X
was divided into four intervals of 10 cm each (X = 0, 1, 2, and 3), Y was divided into 10 intervals of 20 cm
each (Y = 0 to 9), and Z was divided into 10 intervals of 10 cm each (Z = 0 to 9).
Each unique combination of XYZ was identiﬁed as a 10 × 20 × 10‐cm3 voxel, which resulted in 400 unique
samples that could be collected from miniLEO. During the excavation process, the last regions along length
and depth (Y and Z = 9, 76 samples) were discarded to eliminate sample contamination from preceding
layers. Additionally, a boundary of 5 cm along the walls and ﬂoor and an additional 0.1 × 0.5 × 1‐m3 gravel
layer at the toe slope were discarded. This resulted in 324 samples (X= 0 to 4, Y= 0 to 8, Z= 0 to 8) collected.
A soil corer of 15 cm × 0.5 cmwas used to collect 10‐cm cores for microbiological samples from each voxel as
it was collected. The corer was ﬂame sterilized prior to each collection. Samples were deposited in sterile
pouches, and they were stored at−80 °C until DNA extraction. Followingmicrobiological sampling, samples
from each voxel were also collected for physicochemical measurements analysis including pH (U.S. EPA
method 150.2), electrical conductivity (EC; U.S. EPA method 120.1), total carbon (TC), inorganic carbon
(IC), organic carbon (OC), and total nitrogen (TN; U.S. EPA method 415.3), and bulk density (BD;
Supporting Information Data Set S1). The distribution of spatially distinct moisture regimes was captured
by modeling data from 13 spatially distributed water content sensors for dry and wet periods of 2014 and
2015 (herein referred as WC_2014_Dry, WC_2014_Wet, WC_2015_Dry, and WC_2015_Wet). Figure 1b
illustrates the wet (irrigation) and dry (no irrigation) periods for each year, with irrigation spells signifying
wet periods, interspersed with dry periods that saw no irrigation. Since samples were collected in 2015,
average water content in 2015 (WC_Av_2015) was also included in the analysis. Each sensor time series
was averaged for the chosen period and then spatially interpolated to provide voxel‐based results.
2.2. DNA Extraction
DNAwas extracted from 2 g of sample (voxel cores, parent material) using the Fast DNA SPIN for Soil Kit™
(MP Biomedicals, Solon OH, USA) with modiﬁcations to the manufacturer's protocol. A total of 162
samples were chosen, representing voxels from X = 2 and 3, and all Y and Z locations. The samples from
X = 0 and 1 voxels were not used since most sensors were positioned in these regions, and they occasionally
did not have intact sample integrity for parallel geochemical and hydrological analyses. Additionally, DNA
was extracted from 10‐ml irrigation water and from extraction blanks. All consumable and kit supplies,
except those that have biomolecules, were UV‐sterilized for 30 min. Soil samples were thawed on ice prior
to extraction. Since the soil material was highly oligotrophic, a combined extraction step was performed
during the initial stages of extraction, with 0.5‐g soil added to each of four extraction tubes per sample.
Supernatants from each of the tubes were pooled during the Binding Matrix‐DNA binding step by sequen-
tially adding DNA supernatant from the individual tubes and rinsing the composite supernatant 2x with
Binding Matrix supernatant. Additionally, the spin ﬁlters containing the binding matrix were air‐dried
under laminar ﬂow hood for 10 min prior to DNA elution, followed by elution with UV‐sterilized water
preheated to 60 °C. The extracted DNA was quantiﬁed using the Qubit® dsDNA High Sensitivity Assay
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Kit (Life Technologies, NY, USA) with those falling below the minimum detectable threshold of 0.01 ng/ul
identiﬁed as below detection limit.
2.3. Illumina Sequencing
For each of the 162 samples, parent material, irrigation water, and extraction blanks, paired‐end sequencing
(2 × 150 bp) was performed on the bacterial and archaeal 16S rRNA gene V4 (515F‐806R primers) hypervari-
able region using the Illumina MiSeq platform (Illumina, CA, USA; Caporaso et al., 2012). All of the sequen-
cing procedures, including the construction of Illumina sequencing libraries, were performed using the
protocol previously published (Caporaso et al., 2012) with modiﬁcations (Laubitz et al., 2016). Illumina
MiSeq v2 (300 BP) chemistry was used for sequencing and was performed on the Illumina MiSeq (SN
M02149, with the MiSeq Control Software v 2.5.0.5) at the University of Arizona Genetics Core (Tucson,
AZ, USA) following their standard protocols. The Genetics Core provided standard Illumina quality control,
base calling, demultiplexing, adaptor removal, and conversion to FastQ format. Raw sequence data were
submitted to NCBI's Sequence Read Archive SRP116044 (Accession PRJNA392820), and sequence informa-
tion per sample is provided in Supporting Information Data Set S2.
2.4. Bioinformatics Analyses
Paired‐end sequence merging, barcode removal, quality ﬁltering, singleton‐sequence removal, chimera
checking and removal, and open‐reference Operational Taxonomic Unit (OTU) picking were conducted
using default parameters unless otherwise speciﬁed in Qiime v 1.9.1 (Caporaso et al., 2010). A minimum
of 20 base overlap was speciﬁed for joining the paired reads to give an average sequence length of 253 base
pairs. A summary of the sequences, postmerging and quality ﬁltering, was performed using mothur (v 1.25;
Schloss et al., 2009), OTU picking was done using UCLUST (Edgar, 2010), and sequence alignment was
performed with PyNAST (Caporaso et al., 2010). Clustering was done with Greengenes database at 97%
sequence similarity (DeSantis et al., 2006), chimera were removed with Chimera Slayer (Haas et al.,
2011), taxonomy was assigned with RDP Classiﬁer (Wang et al., 2007), tree building was completed with
FastTree (Price et al., 2010), and comparative diversity calculations were done with UniFrac (C. Lozupone
Figure 1. (a) miniLEO lysimter ﬁlled with crushed basaltic tephra. (b). X, Y, Z dimensions of voxels. (c) Irrigation rates applied (mm/hr).
10.1029/2017JG004315Journal of Geophysical Research: Biogeosciences
SENGUPTA ET AL. 944
& Knight, 2005). OTUs that were observed only once after chimera ﬁltering were removed. The OTUs from
162 miniLEO samples were grouped according to their width proﬁle (X = 2 and X = 3) and compared for
community diversity (dis)similarities between samples located along the X dimension of miniLEO. This
approach was taken to inform downstream analyses of a subset of samples. Processed sequence information
is provided in Supporting Information Data Set S2.
Multiple rarefactions were performed at sequence depth of 5,000–25,000 and collated for alpha diversity
estimates including Shannon (H`), richness (observed OTUs), and phylogenetic diversity. To determine
diversity between samples (beta diversity), weighted Unifrac distance (C. Lozupone & Knight, 2005) was
calculated to account for abundance and phylogeny. All data ﬁles generated from QIIME workﬂow were
imported into R environment program (R Core Team, 2014) for alpha and beta diversity estimation and
visualization using Phyloseq (McMurdie et al., 2013), statistical analyses using vegan (Oksanen, 2015), and
heatmap generation using gplot (Warenes et al., 2016).
2.5. Null Modeling
We applied a previously developed null modeling framework (Stegen et al., 2013, 2012) to estimate the rela-
tive inﬂuences of community assembly processes. The framework estimates the degree to which community
composition in one sample differs from the other samples as a result of different ecological processes (homo-
geneous selection, variable selection, homogenizing dispersal, and dispersal limitation; Dini‐Andreote et al.,
2015; Stegen et al., 2015). Homogeneous selection occurs when the environment constrains communities to
be very similar, and variable selection occurs when the environment drives community composition apart
(Dini‐Andreote et al., 2015). Variable selection occurs when selective pressure in environmental conditions
cause turnover of species. Dispersal limitation occurs when there is very little exchange of organisms
between a given pair of communities and when selection‐based processes do not strongly drive the commu-
nities to be similar or different. Under these conditions, stochastic birth/death events lead to ecological drift
and divergence in community composition. Homogenizing dispersal occurs under similar conditions except
that there is a high rate of organismal exchange between a given pair of communities.
The methods used to infer the relative contributions of these assembly processes have been detailed pre-
viously (see citations above); here we provide a brief summary. The null modeling approach starts with com-
munity composition and inferred phylogenetic relationships among OTUs. Using those data, we calculated
the between‐community mean‐nearest‐taxon‐distance (βMNTD) metric (Stegen et al., 2012) for each pair-
wise community‐to‐community comparison. For each pairwise comparison, a null distribution of βMNTD
values was then generated. This was done by randomizing phylogenetic relationships among OTUs and
recalculating βMNTD and repeating this procedure 999 times to generate a null distribution of βMNTD
values. For each pairwise comparison, homogeneous selection or variable selection was inferred as the
ecological basis of community dissimilarity if the observed βMNTD value was signiﬁcantly less or greater
than the null distribution, respectively. The β‐Nearest Taxon Index (βNTI) was used to evaluate signiﬁcance.
βNTI expresses the difference between observed βMNTD and the mean of the null distribution in units of
standard deviations with βNTI values <−2 or > +2 indicating signiﬁcance.
If observed βMNTD does not signiﬁcantly deviate from the null expectation, then the observed composi-
tional difference is not due to selection and may be due to either homogenizing dispersal or dispersal limita-
tion. In these cases we used a version of the Raup‐Crick metric that accounts for OTU relative abundances,
known as RCbray (Stegen et al., 2013). Like βNTI, RCbray compares observed dissimilarity to a null distribu-
tion but uses the Bray‐Curtis dissimilarity metric instead of βMNTD. For each pairwise comparison the null
Bray‐Curtis distribution was generated using 999 null model runs that simulated stochastic community
assembly (see Stegen et al., 2013, for details). A value of RCbray > +0.95 indicates greater dissimilarity than
expected and when paired with a βNTI value that is nonsigniﬁcant (i.e., |βNTI| < 2), a dominant inﬂuence of
dispersal limitation is inferred. Similarly, RCbray < −0.95 indicates communities are more similar than
expected and when paired with |βNTI| < 2, a dominant inﬂuence of homogenizing dispersal is inferred.
If, for a given pairwise comparison, neither null model is signiﬁcant (i.e., |βNTI| < 2 and |RCbray| < 0.95),
we infer that the observed dissimilarity was not the result of any one process, and this situation is referred
to a being undominated (Stegen et al., 2015). R code for running the null models can be found
here: https://github.com/stegen/Stegen_etal_ISME_2013.
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2.6. Statistical Analyses
2.6.1. Comparison of Samples From X = 2 and X = 3
The OTU frequencies in sample groups (X = 2 and 3) were compared using a nonparametric T test with
n = 1,000 Monte Carlo simulations to determine statistically signiﬁcant differences between the OTU abun-
dances in the groups. Additionally, samples were plotted as ordinations of weighted Unifrac distance to cap-
ture variation in the (dis)similarity of the communities.
2.6.2. Environmental Variation
ANOVA was used to determine signiﬁcant environmental variables with respect to categorical variables
(depth and length). This was followed by analysis of covariance (ANCOVA) of environmental variables by
ﬁtting linear models to understand which depth and length groups best explained variation in the environ-
mental variables. ANCOVA, which is a combination of ANOVA and regression, was performed 999 times on
each variable to explain covariances observed for the variables as a function of depth and length. For all tests,
P0.05 was considered a statistically signiﬁcant difference.
2.6.3. Using Environmental Data to Explain Diversity Data
Samples were grouped into categorical variables as depth dependent (Surface, Depth_10, Depth_20,
Depth_30, Depth_40, Depth_50, Depth_60, Depth_70, and Depth_80) and length dependent (TopSlope1,
TopeSlope2, TopSlope3, MidSlope1, MidSlope2, MidSlope3, ToeSlope1, ToeSlope2, and ToeSlope3). Alpha
diversity statistics were evaluated using ANOVA to determine depth‐ and length‐dependent signiﬁcance.
Weighted Unifrac measure was calculated based on log‐transformed relative abundances of OTUs and dif-
ferences in community structure (β‐diversity) displayed with principal coordinate analysis (PCoA) ordina-
tions. ANalysis of SIMilarities (ANOSIM) and r statistics were used to test whether two or more groups of
samples were signiﬁcantly different based on a categorical variable. Adonis function, which partitions a dis-
tance matrix among sources of variation and performs permutation multivariate analysis, was used to test
the strength and signiﬁcance of measured (BD, pH, EC, TC, TIC, TOC, and TN) and modeled variables
(water content) on Bray‐Curtis community distance matrix. Signiﬁcance tests were conducted using F tests
based on sequential sums of squares from permutations of the raw data. The measured and modeled meta-
data are provided in Supporting Information Data Set S1. Spearman Rank Correlations were conducted to
determine signiﬁcant correlation of dominant phyla in miniLEO to measured and modeled environmental
variables. A robust correlation was considered if the Spearman's correlation coefﬁcient was >0.4 and
AdjPValue0.05. Additionally, regression analyses of βNTI values with changes in environmental variables
were performed.
3. Results
3.1. Low‐Template DNA Samples and Selection of Community Comparisons
The DNA concentration of the samples ranged from those below detection limit of (<10 pg/g) to a maximum
of 20‐ng/g dry weight of soil. Based on OTU abundances in X = 2 and 3, and the lack of evidence of water
ﬂow in the X direction, a single width block (X = 2, 80 samples) was analyzed downstream. Additional sam-
ple selection information and community characterization of parent material and irrigation water is pro-
vided in Supporting Information S1. Brieﬂy, ﬁve and four phyla were greater than 1% in parent material
and irrigation water, respectively. The parent material was dominated by Bacteroidetes (60%) followed by
Firmicutes (15%), while irrigation water had high relative abundance of Bacteroidetes (80%) with
Verrucomicrobia being the second dominant phyla (18%). The relative abundance of Proteobacteria and
Actinobacteria was <5% in both parent material and irrigation water.
3.2. Submeter‐Scale Variation of Environmental Variables
A 200‐cm3 voxel was the sampling unit used to examine heterogeneity of environmental variation in the
miniLEO, focusing on the two‐dimensional slice through the mesocosm at X = 2. The measured environ-
mental variables on these 80 voxels and the modeled water content variables calculated for 62 voxels
(Supporting Information Data Set S1) were analyzed for depth‐dependent and length‐dependent associa-
tions. Signiﬁcant variation was observed in BD, EC, TC, IC, TN, and WC with respect to depth, while length
signiﬁcantly affected the pH andWC during dry periods (Table S1a). Analysis of covariances showed hetero-
geneous relationships between the signiﬁcant variables and their location based on whether they were
grouped along the depth proﬁle or the length proﬁle. Table S1b lists the signiﬁcance of each depth and
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length group on measured and modeled variables. The pH of the miniLEO samples was signiﬁcantly lower
(median = 9.29) than the parent material (10.1); however, the pH did not signiﬁcantly change with depth.
Instead, signiﬁcant differences were observed with respect to length. For each depth except 0–10‐cm sam-
ples, the pH dropped from the top slope (average 9.3) to themidslope region (average 9.2) and then increased
gradually at the toe‐slope region (average 9.4). Bulk density was signiﬁcantly higher in the last layer (average
1.5 g/cm) as compared to the other layers (average range 1.3–1.4 g/cm), while EC drastically dropped from
400 μS/cm (±105 μS/cm) in the surface to less than 100 μS/cm (±13 μS/cm) on average in the second layer
and below. Trends similar to EC were observed for TC, IC, and TN, where surface samples were signiﬁcantly
higher than the other layers. Despite observing a signiﬁcant increase in organic carbon in the miniLEO
samples (average 0.14 ± 0.09 mg/g) from the original parent material (9.33 × 10−5 mg/g), the organic carbon
proﬁle did not signiﬁcantly differ between the layers, rather the total carbon proﬁle was inﬂuenced by the
inorganic carbon concentrations.
The total carbon (0.28 ± 0.09 mg/g) and inorganic carbon (0.18 ± 0.05 mg/g) concentration in the surﬁcial
layer was signiﬁcantly greater than the average total carbon (0.12 ± 0.07 mg/g) and inorganic carbon con-
centration (0.05 ± 0.02 mg/g) in layers 10–80 cm. Total nitrogen concentrations were signiﬁcantly higher
in the miniLEO samples (0.007 ± 0.004 mg/g) than the parent material (4.33 × 10−6 mg/g), with the surﬁcial
samples averaging signiﬁcantly higher concentrations (0.018 ± 0.004 mg/g) than the 10–80‐cm sam-
ples (0.006 ± 0.002 mg/g).
Water content variation was also related to depth proﬁles during the dry periods with an average increase in
the content for samples located 10 cm and below. The 70–80‐cm samples averaged twice the amount of water
content as the surﬁcial layer. Wet periods resulted in signiﬁcant gradual increase in average content with
depth (22.82 ± 1.90 in 0–10‐cm to 36.41 ± 2.19 in 70–80‐cm samples). Overall, the total water content of each
voxel was 1.5–2x times higher during the wet period than dry. Water content along the length proﬁles
showed signiﬁcant increase in the toe slope as compared to top and middle in the dry periods and an overall
increase from top to toe slope during dry and wet periods. Since the mesocosm was dry for a greater part of
the experiment in 2015, WC_Av_2015 followed patterns of 2015 dry periods for length‐ and depth‐
dependent variations.
3.3. Community Composition
A total of 5,199,080 bacterial and archaeal sequence reads were obtained from 80 samples, resulting in 8,037
OTUs. OTUs that had more than 0.01% total sequences per sample were retained for further analysis. The
top 10 phyla included Proteobacteria (29.8%), Euryarcheota (16.7%), Actinobacteria (14.1%), Planctomycetes
(7.7%), Verrucomicrobia (5.1%), Chloroﬂexi (4.8%), Nitrospirae (3.6%), Bacteroidetes (3.4%), OD1 (3.3%), and
Acidobacteria (3%). The remaining 30 phyla represented 8% of the communities. Among proteobacterial
OTUs, Betaproteobacteria was the most abundant class (9.5%) followed by Alphaproteobacteria (9.3%),
Gammaproteobacteria (7.4%) and Deltaproteobacteria (3.2%). Relative abundances were summarized along
the depth and length proﬁles of the lysimeter. The greatest difference in terms of depth was between the
surface 10‐cm layer and the samples at 80‐cm depth (Figure 2). Actinobacterial OTUs were predominantly
greater at the 0–10‐cm samples, while proteobacterial OTUs were relatively more abundant at the 80‐cm
depth. The Actinomycetales order, known to form ﬁlaments and hyphae, was abundantly found in
miniLEO, with the surﬁcial samples accounting for 13% as compared to the deeper layers averaging 2.7%.
When compared to the surﬁcial samples, depth‐dependent increases were observed for Verrucomicrobia,
Euryarchaeota, and Bacteroidetes, while Planctomycetes, Nitrospirae, and Chloroﬂexi showed a more consis-
tent pattern. Relative abundances of OTUs along the length proﬁle were not signiﬁcantly different
(Supporting Figure S4). The parent material and irrigation water had high relative abundance of
Bacteroidetes, while Proteobacteria and Actinobacteriawere less abundant as compared to the miniLEO sam-
ples. The parent material also had higher relative abundance of Firmicutes as compared to irrigation water
whereas Verrucomicrobia was relatively abundant in irrigation water. Archaeal OTUs were not observed in
the parent material and irrigation water.
3.4. Microbial Community Structure and Diversity
Alpha diversity statistics including observed richness, Shannon diversity, and Faith's Phylogenetic Diversity
are provided in Table S2. One‐way ANOVA showed signiﬁcant differences in observed richness of samples
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grouped according to their depth (pdepth = 0.004) but not length proﬁles (plength = 0.55), with richness
peaking at 10–20‐cm depth, gradually decreasing with depth, and increasing again in the 80–90‐cm
samples. Diversity metrics revealed only Faith's Phylogenetic Diversity (Faith's PD) to be signiﬁcantly
different between samples grouped according to their depth (pFaith'sPD_Depth = 0.008,
pFaith'sPD_Length = 0.37; pShannon_Depth = 0.07, pShannon_Length = 0.16), with average Faith's PD increasing
to 127.1 in the 10–20‐cm samples, decreasing gradually to 88.2 in the 50–60‐cm samples and increasing
again to 127 in the 80–90 samples. A weighted UniFrac metric comparison using PCoA ordination
showed a gradient in community composition as a function of depth. The surface‐10 cm formed a distinct
community followed by an incremental progression from 10–20 to 20–30 cm then all samples from 30 to
90 cm (Figure 3). Clustering patterns were not observed when samples were analyzed according to their
Figure 2. Relative abundance depth proﬁle of top 15 phyla in miniLEO based on 16S rRNA gene‐amplicon sequence.
Figure 3. Principal coordinate ordination of weighted Unifrac distance of samples in miniLEO, grouped according to
depth.
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length proﬁles (Supporting Information Figure S5). A Similarity Percentage Analysis using agglomerative
hierarchical clustering of Bray‐Curtis distance showed samples broadly clustering into two groups, with sur-
face samples distinctly separate from the rest (Supporting Information Figure S6).
Adonis tests on Bray‐Curtis distance matrix with the measured and modeled variables explained the
variability in β‐diversity and constrained variance in the microbial population. The signiﬁcant explana-
tory variables included BD, EC, TC, IC, TN, WC_2014_Dry, WC_2015_Dry, WC_2014_Wet,
WC_2015_Wet, and WC_Av_2015 (p = 0.001). Next, phylogenetic composition of the samples was
evaluated to identify correlations between the top 10 abundant phyla‐level taxa and the signiﬁcant
explanatory variables (Supporting Information Figure S7). Proteobacteria was negatively correlated with
TN (rs = 0.41, q = 0.004) and positively correlated with WC_Av_2015 (rs = 0.42, q = 0.004). Euryarcheota
was negatively correlated with EC (rs = 0.41, q = 0.004), whereas Actinobacteria was positively
correlated with TN (rs = 0.48, q = 0.00004) and IC (rs = 0.41, q = 0.0005), but strongly negatively
correlated with WC_Av_2015 (rs = 0.58, q = 0.000003). Verrucomicrobia was negatively correlated to TN
(rs= 0.42, q= 0.002) and IC (rs= 0.42, q= 0.002).Acidobacteriawas negatively correlated with TN (rs= 0.49,
q= 0.00002) and IC (rs= 0.43, q= 0.003), but positively correlated withWC_Av_2015 (rs= 0.44, q= 0.0005),
whereas Bacteroidetes was negatively correlated with TC (rs = 0.41, q = 0.002). OD1 were strongly
negatively correlated to TN (rs = 0.59, q = 0.00000004) and IC (rs = 0.54, q = 0.0000007) and positively
correlated to WC_Av_2015 (rs = 0.61, q = 0.0000005). Planctomycetes, Chloroﬂexi, and Nitrospirae did not
show any signiﬁcant correlation with the variables. Therefore, it appears that microbial response to environ-
mental variables was heterogeneous and that phylum‐environment relationships in miniLEO were
not homogeneous.
The depth‐dependent dissimilarity (Figure 3) and heterogeneous microbial community composition
motivated us to evaluate microbial functional potential of miniLEO and generate preliminary functional
hypotheses for the oligotrophic basalt system. Due to the oligotrophic nature of the system, we chose to
focus primarily on carbon and nitrogen cycling functions. Brieﬂy, using the Phylogenetic Investigation
of Communities by Reconstruction of Unobserved States (PICRUSt) pipeline (Langille et al., 2013), a
closed‐reference OTU composition was normalized by the 16S rRNA gene copy number to predict
metagenome functional content inferred using the Kyoto Encyclopedia of Genes and Genomes
(Kanehisa et al., 2017). From a predicted 6,900 Kyoto Encyclopedia of Genes and Genomes descriptions,
the average log‐transformed abundance counts of select few carbon and nitrogen metabolism functions
were compared across surﬁcial (0–10 cm), Depth_10 (10–20 cm), Depth_20 (20–30 cm), and Depth_30_80
(30–80 cm) samples.
Enzyme categories associated with carbon ﬁxation (Ribulose bisphosphate carboxylase catalytic and
N‐terminal domain, cbbM gene) were predicted to be uniformly high in the mesocosm. The commonly asso-
ciated orders of microbial taxa (Rhodobacterales, 0.4%; Acidimicrobiales, 5.8%; and Nitrospirales, 3.7%)
afﬁliated with these gene families were uniformly distributed in our 16S rRNA data set. The key enzyme
for reverse TCA cycle, citrate lyase, could not be predicted though counts of other TCA cycle enzymes
(methylisocitrate lyase and isocitrate lyase) were predicted (Supporting Information Figure S8). These genes
were of interest due to their presence in seaﬂoor basalt (Orcutt et al., 2015). An alphaproteobacterial metha-
notroph, Methylocystaceae (0.1%), was also observed across the depth proﬁle.
The nitrogen metabolism pathways presented an interesting observation. While proteobacterial order
Rhizobiales (4.4%) known to ﬁx nitrogen and Nitrospirae (3.7%) phyla known to play a role in nitriﬁcation
were classiﬁed in the OTU table, PICRUSt did not predict gene families related to nitrogen ﬁxation (nitro-
genase, nifH), nitriﬁcation (ammonia monooxygenase subunit C, amoAC), hydroxylamine oxidase (hao),
nitric oxide reductase (norA), and anaerobic ammonia oxidation (hydrazine hydrolase, hzo and hydrazine
dehydrogenase, hdh). Dissimilatory nitrite reductase (denitriﬁcation; nirK, nirB) and nitrate reductase
(dissimilatory nitrate reduction, denitriﬁcation; narG, H, J) predictions were uniformly abundant in all four
depth groups (Supporting Information Figure S8) with these functions found in Deltaproteobacteria
(Bu et al., 2017; Nelson et al., 2016; Slobodkina et al., 2017; Thorup et al., 2017), which were uniformly
distributed in miniLEO (ranging from 2.1% to 4.0% across the depth proﬁle). Thus, the depth‐dependent
variability in microbial community diversity and community composition did not impact predicted carbon
and nitrogen cycling traits.
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3.5. Community Assembly
The system as a whole was dominated by variable selection, which was
the primary driver of between‐community shifts in composition for
~66% of the pairwise comparisons (Supporting Information Figure S9).
The spatial patterns in variable selection, dispersal limitation, and homo-
geneous dispersal across miniLEO, respectively, are presented in
Figures 4a–4c. To generate these panels, we estimated the degree to which
each assembly process led to differences in composition between the com-
munity found within a given voxel and all other communities. This was
done by examining the null model outputs for all pairwise comparisons
involving the community found within a given voxel. In Figure 4a, colors
indicate the relative inﬂuence of variable selection on the community in
each voxel (i.e., the fraction of pairwise comparisons that resulted in
βNTI > +2). Dark blue voxels indicate that the associated community is
differentiated from most other communities in miniLEO because it has
a unique environment that deterministically causes it to be distinct (i.e.,
variable selection is strong). Dark red indicates that the community in
that voxel is not differentiated from other communities by variable selec-
tion. Themidpoint is shown in white, which indicates that the community
is differentiated by variable selection from approximately half of the com-
munities found throughout miniLEO.
Figure 4a reveals that while variable selection is the dominant assembly
process in miniLEO, its inﬂuence changes signiﬁcantly across voxels.
This spatial variation was characterized by a relatively weak, yet signiﬁ-
cant, vertical gradient whereby the inﬂuence of variable selection was
maximized at the top of miniLEO (Supporting Information Figure S10a).
As noted above, variable selection governed 66% of community pairwise
dissimilarities, and of the remaining 34%, dispersal limitation and homo-
genizing dispersal were responsible for 11% and 7%, respectively. The
effects of dispersal limitation were spatially variable but showed no clear
patterns (Figure 4b). Homogenizing dispersal, however, appeared to
follow a unimodal pattern across the vertical dimension (Supporting
Information Figure S10b). Locations near the extreme ends of the
horizontal axis also appeared to have very low inﬂuences of homogeniz-
ing dispersal (Figure 4c). Regression relationships between βNTI values
and environmental variables (Supporting Information Figure S11)
showed that most likely multiple variables were affecting the spatial turn-
over in community composition, with similar results for TN, IC, and EC.
4. Discussion
The controlled experimentation (regimented precipitation, semiclosed
surroundings, and absence of plants) of a homogeneous soil system
supported revealed that spatial heterogeneity of microbial communities
in an oligotrophic basalt soil system was a function of depth. Variable
selection was the primary driver of the community assembly, which was
found to be especially strong in the surﬁcial layers. Notably, microbial
communities in the surﬁcial layers were exposed to higher salt, lower
moisture, greater amplitude ﬂuctuations in temperature, greater interac-
tion with the atmosphere, and higher nitrogen content from irrigation
water. The elevated inﬂuence of variable selection in the surﬁcial layers
indicates that these environmental conditions imposed strong selective
pressures that resulted in ecologically deterministic assembly of
Figure 4. Spatial structure of community assembly processes, showing the
relative contributions of (a) variable selection, (b) dispersal limitation, and
(c) homogenizing dispersal. Y axis is Z (depth) increments of 10 cm each
starting at 0 for surface‐10‐cm below samples.X axis is Y (length) increments
of 20 cm each starting at 0 for Toe‐Slope1 samples.
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microbial communities. These heterogeneous community patterns suggest that ecological selection pres-
sures were strong and spatially variable and that localized selection pressures were particularly unique near
the surface of miniLEO. Depth‐dependent soil microbial characteristics have been revealed in well‐
developed soils (Gittel et al., 2014; Hansel et al., 2008; Hartmann et al., 2009; Seuradge et al., 2017; Will
et al., 2010). We suggest that the stage is set early in the history of soil development where deterministic
selection pressure drives soils to exhibit depth‐dependent microbial community proﬁles and are
compounded overtime as the system experiences additional selection pressure from plant growth and
vegetation input.
Our results suggest that at early stages of soil development, localized environmental pressure selects for and
shapes the early microbial patterns. An exciting addition to this concept would be understanding lineage‐
speciﬁc age‐related shifts in microbial communities. A recent study (Turner et al., 2017) revealed that
long‐term soil development differentially affected bacterial and archaeal communities, the latter better
adapted to subsoil environment. Therefore, conceptually, one can hypothesize that bacterial, archaeal,
and fungal communities assemble in a differential manner and ask whether their assembly processes, com-
munity dynamics, and adaptability change over time as incipient soil develops into topsoil and subsoil.
Furthermore, the results demonstrate that while community structure had spatial associations, and assem-
bly processes were spatially structured, the dominant predictive functions were generally spatially homoge-
neous in the oligtrophic soil system. This trend has been observed in environmental and human
microbiomes, including conserved functional gene abundances between desert and nondesert soil microbial
communities in cross‐biomemetagenomic analyses (Fierer et al., 2012), functional convergence of the North
American soil mycobiome (Talbot et al., 2014), and conserved functional gene proﬁles in the human gut
microbiome (Lozupone et al., 2012),
4.1. Microbial Life Under Incipient Soil‐Forming Conditions Resolved at Submeter Scale
The spatially intensive sampling scheme revealed presence of strong depth‐dependent community composi-
tion proﬁles with absence of length‐dependent proﬁles. This suggests that even though there is directional
hydrologic transport lengthwise and thus the potential for lengthwise gradients in geochemical conditions
and microbial composition, such potential for lengthwise gradients was not realized or was overwhelmed
by vertically structured physical and chemical gradients that drove vertical gradients in microbial composi-
tion. This poses a question about measurement and modeling of biogeochemical function and microbial
ecology of complex environments both in terms of dimension and scale of variation. In fact, upon comparing
our results to a recent review of biophysical processes supporting microbial diversity (Tecon & Or, 2017), we
found that our study is the ﬁrst of its kind to evaluatemicrobial community structure at the submeter scale in
relation to drivers like water content and total nitrogen. Submeter sampling strategies are becoming increas-
ingly relevant; we posit the need to evaluate dimensionality alongside microscale factors impacting soil
microbial diversity (Vos et al., 2013)
4.2. Depth‐Dependent Physicochemical Variations
Our spatially intensive sampling indicated that surﬁcial layers developed environments for microbial com-
munity assembly that was distinct from deeper layers. We determined that depth signiﬁcantly impacted the
measured andmodeled environmental variables (BD, EC, TC = IC, TN,Water content values). Increased BD
at the last depth could be a result of compaction or accumulation ﬁner grainedmaterials. However, a parallel
analysis (Supporting Information Figure S12) revealed no signiﬁcant change in particle‐size distribution
with depth, which leads us to conclude that compaction of the soil led to the differences observed in BD.
Relative to deeper layers (40–80 cm), surface layers (0–30 cm) were subjected to greater exposure to air,
higher salt concentrations, greater nitrogen input, faster vertical inﬁltration, and shorter contact‐time with
water. Additionally, the middle layers (40–60 cm) had the longest water contact‐time due to water draining
from the bottom layers of the toe slope, while the central layers stayed saturated.
Different spatial patterns of ﬂow and water content distribution were observed within miniLEO as a conse-
quence of moisture states. On one hand, prolonged rainfall events drove the overall system to a wet state,
where a saturated zone was formed, creating a horizontal ﬂow pattern that drove water laterally toward
the seepage face and out of the mesocosm. On the other hand, between rainfall events, the redistribution
of water was dominantly vertical, driven by gravitational effects and evaporative demand imposed at the
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surface. These conditions lead to higher water contents close to toe slope, which had lower elevation and saw
water accumulating in that region before exiting the system. Therefore, toeslope sections contributed signif-
icantly to the variation of water content during such periods. During wet periods, where a water table is
formed, a saturated zone is produced along the length of the mesocosm, resulting in no variability along this
dimension. These observations are supported by a modeled geochemical ﬂux analysis (Dontsova et al., 2009)
of solid phase evolution in the bulk parent material, which predicted that surﬁcial layers of basalt in unsa-
turated zones will likely be subjected to greater primary mineral dissolution and secondary mineral precipi-
tation than the lower layers that lie in the saturated zones. We note that two important biogeochemical
conditions were not evaluated in the system: redox conditions and oxygen inputs. Therefore, we cannot infer
how these variables impacted microhabitats in the system, though the strong inﬂuence of saturated condi-
tions on oxygen penetration during rainfall events likely altered the availability of oxygen for both biotic
and abiotic reactions.
4.3. Taxonomic Composition
Evaluation of incipient basaltic material in miniLEO showed a surprising increase in community diversity
and phylogenetic composition relative to both the original parent material and the irrigation water.
Greater than 50% of the 15 most abundant phyla in the weathered basaltic material were not detected in
either the original parent material or the irrigation water. The development of structured microbial commu-
nities in the mesocosm that are distinct from the native composition present initially are likely the result of
combined effects of (i) endogenous seed microbial colonies, which may have existed in the basaltic media;
(ii) continuous input of exogenous microbes during irrigation events; and (iii) atmospheric deposition.
Quantitative PCR (qPCR) analysis of 16S rRNA copy number of bacterial 16S rRNA gene (Supporting
Information Figure S13) estimated an average three log‐fold increase as compared to the parent material.
Since the parent material itself was low in nutrients (Pangle et al., 2015), we conclude that microbial
community development was aided by autochthonous nutrients from primary mineral weathering and
dissolution, and allochthonous nutrients being deposited with water and air.
Depth‐dependent variations in composition and relative abundance within the phylogenetic proﬁles
suggested a selective pressure of depth. The transport and transfer of cells and nutrients in the mesocosm
due to water inﬁltration and established ﬂow paths may contribute to these patterns; null model analyses
support this inference (see below). A recent study using the same basaltic parent material in the larger
LEO hillslopes reported coherent depth‐dependent spatial variations in solution chemistry and between
distinct topographic regions of a landscape‐scale lysimeter (Pohlmann et al., 2016). Since the current study
evaluated a mesocosm with dimensions of 2 m × 1 m × 0.5 m, future directives of this work will evaluate
whether similar depth‐dependent associations persist, while length‐dependent associations develop when
examining microbial community structure, function, and assembly at pedon‐scale and landscape‐scale topo-
graphies. This may provide us with a better understanding of scale and dimension of microbial diversity and
identify the scales at which depth and length dependencies start to form or collapse in soils.
Phylogenetic analysis of OTUs revealed Proteobacteria to be the dominant phylum in the system, an obser-
vation reported commonly for soils (Janssen, 2006) and seaﬂoor basalts (Cockell et al., 2009; Orcutt et al.,
2015; Singer et al., 2015). However, the surface samples more closely resembled oligotrophic community
composition, with high relative abundance of Actinobacteria, as previously observed in other studies
(Neilson et al., 2017, 2012). Their ﬁlamentous growth may be important in weathering processes in
miniLEO, as observed in invasion and colonization of basaltic glass by actinobacterial groups, with a pre-
dicted mechanism of multidirectional ﬁlamentous growth across the surface with branches invading pore
spaces (Cockell et al., 2009), and abundance on veneers of rock surface (Ortiz et al., 2013). Actinobacterial
phyla have also been reported to scavenge atmospheric hydrogen in dry and hot oligotrophic environments
(Greening et al., 2014; Lynch et al., 2014) and could potentially be carbon‐ﬁxation strategy employed in
miniLEO surﬁcial layer. Surprisingly, photoautotrophic Cyanobacteria, generally found in basalt environ-
ments (Olsson‐Francis et al., 2012; Orcutt et al., 2011, 2015; Singer et al., 2015) was not an abundant
phylum in miniLEO. The glass‐enclosed structure of Biosphere 2 may either have ﬁltered out necessary
UVwavelengths required for cyanobacterial growth or sensitivity to incoming UV radiationmay have driven
these groups to move to areas with less light penetration at the cost of reduced cellular growth and produc-
tivity (Bebout &Garcia‐pichel, 1995). However, phylogenetic potential for chemolithoautotrophy was found.
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For example, Nitrospirae are primarily associated with chemoautrotrophy (Lücker et al., 2010), and
numerous autotrophic phylotypes have been identiﬁed within the Proteobacteria, Chloroﬂexi, and
Planctomycetes phyla. The large relative abundance of Euryarcheota (second most abundant phylum) in
our samples is unique since terrestrial basalt environments do not report abundant presence of this group
and neither did we observe any in the parent material and irrigation water. Thermoplasmata was the only
euryarcheal class identiﬁed in the data set. These class of organisms are acidophiles and known to
participate in methylotrophic methanogenesis (Poulsen et al., 2013). Although the miniLEO system overall
does not appear to be conducive for either of these environments (low pH and anaerobic conditions), the
gradual increase in Thermoplasmata (from 2.6% in the surﬁcial sample to 11.9% in Depth_70 samples) is
suggestive of pockets of microenvironments for such metabolisms to thrive and/or likelihood of organisms
with novel metabolic strategies. Additionally, the absence of Euryarcheota in the parent material and
irrigation water suggests that air is most likely the source, as highlighted in a recent study (Wehking
et al., 2018), which shows Euryarcheota as a dominant airborne archaea in the ﬁne particulate matter.
Overall, our study revealed a highly diverse bacterial population and comparatively less diverse archaeal
population in the incipient terrestrial basalt soil system subjected to enhanced weathering processes.
The vertical structure of microbial community composition was not mirrored by the predicted functional
gene distributions within the mesocosm. This indicates the likelihood of redundancy within the predicted
functions that allows the environmental conditions to select for different communities that may have the
potential to perform similar functional roles. The presence of well‐classiﬁed nitrogen ﬁxation and nitriﬁca-
tion taxa, along with the absence of predicted N‐ﬁxation genes and nitriﬁcation genes, was paradoxical. One
interpretation is that the PICRUSt analyses are insufﬁcient to infer functional potential within soil environ-
ments. Alternately, the mesocosm may have novel‐nitrogen ﬁxers and nitriﬁers unique to the incipient
basalt system that are too distant from the fully sequenced taxa that PICRUSt relies on. In fact, recent
studies with approaches like genome assembled from metagenomes (MAGS) have shown that many organ-
isms only contain partial pathways for biogeochemical reactions, including nitrogen ﬁxation. Results from
Anantharaman et al. (2016) show that in an extensive study of thousands of microbial genomes, only a
few organisms had the potential to conduct multiple sequential metabolic reactions. This suggests that as
an environment changes (for example, the depth dependent transitions in miniLEO), different groups of
microoorganisms might coordinately carry out major biogeochemical cycles. Additionally, our understand-
ing and knowledge of the functional potential of well‐studied microbial taxa is also being expanded. For
example, Anantharaman et al. (2018) showed that the number of traditional sulfate/sulﬁte reducing
microbes have doubled, with genomes of more than a dozen bacterial and archaeal phyla (outside the origi-
nal group of reducers) being identiﬁed as capable of performing this metabolic function.
These functional prediction results should be treated with caution since they solely rely on bacterial and
archaeal 16S rRNA gene sequences, do not take into account horizontal gene transfer across the genomes
of the members of most microbial communities, are largely dependent on the availability of annotated refer-
ence genomes, and do not measure gene expression. PICRUSt analysis was also performed on closed‐
reference OTUs and therefore does not consider uncultured taxa with novel gene families. With this caveat,
the PICRUSt data present the hypothesis that the observed transitions in beta diversity with depth do not
reﬂect community trait‐based variations in carbon and nitrogen cycling capacity. This approach also pre-
sents functional hypotheses that provide starting points for follow‐on biogeochemical, microbiological,
and molecular studies aimed at understanding connections among physical, chemical, and biological fea-
tures of the system.
4.4. Community Assembly
Community assembly processes operate over space and time and inﬂuence community structure and even-
tually microbial metabolisms (Graham, Knelman, et al., 2016). So far, attempts have been made to under-
stand these processes in a broad range of biomes such as recently deglaciated soils (Castle et al., 2016;
Nemergut et al., 2013), lake bioﬁlms (Jackson et al., 2001), water pipes (Martiny et al., 2003), river sediments
(Graham, Crump, et al., 2016; Stegen, Fredrickson, et al., 2016; Stegen, Konopka, et al., 2016; Stegen et al.,
2015, 2012), subseaﬂoor sediments (Starnawski et al., 2017), and global desert soils (Caruso et al., 2011). Our
study examined a unique system where community assembly processes in an incipient terrestrial system
were assessed in a highly controlled and spatially explicit manner.
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While the inﬂuence of variable selection did increase toward the upper layers, there was signiﬁcant spatial
heterogeneity in its inﬂuence, consistent with previous work examining the spatial structure of assembly
processes (Stegen et al., 2015). This is particularly interesting given that miniLEO started with a relatively
homogeneous environment, which may be expected to lead to strong inﬂuences of homogeneous selection.
The lack of βNTI values <−2 across miniLEO, however, indicates that homogeneous selection was not inﬂu-
ential in miniLEO.
Variable selection clearly dominated the system, but spatial processes also appeared to have some inﬂuence.
In particular, the inﬂuence of homogenizing dispersal was found to have nonrandom spatial structure, with
the strongest inﬂuences found near the center of miniLEO. This spatial structure makes intuitive sense in
that dispersing organisms can enter locations within the central part of miniLEO from any direction,
whereas along the edges dispersal is not possible along one or more sides of a given voxel. In addition, the
central part of miniLEO maintained saturated conditions for a longer period of time than the surﬁcial or
deepest layers. Saturated conditions likely increased the ability of microorganisms to cross large pore spaces,
thereby facilitating dispersal (Ebrahimi & Or, 2014). We infer that access to a voxel from all sides in addition
to well‐connected pores facilitated dispersal into voxels found throughout the central region of miniLEO,
thereby increasing the relative contribution of homogenizing dispersal. These inferences are conceptually
consistent with previous work ﬁnding greater inﬂuences of homogenizing dispersal in a more hydrologically
permeable geological formation (Stegen et al., 2013). While we do not have time series data for community
composition, we infer that the abiotic environment evolved through time in a spatially heterogeneous
manner that resulted in localized selection pressures, thereby leading to strong inﬂuences of variable selec-
tion. While logistically difﬁcult, it would be fascinating to study temporal dynamics in the spatial structure of
variable selection, and other community assembly processes. To the best of our knowledge, such spatiotem-
poral characterization has not been attempted in any system.
5. Conclusion
This study is a ﬁrst attempt to characterize an incipient basalt soil weathering system using a combination of
phylogenetic information and a null model approach. Community diversity metrics, phylogenetic proﬁles,
and the null model approach indicate that assembly was governed by deterministic processes and was a
function of depth‐dependent microenvironments developing as a result of localized abiotic drivers.
Preliminary predictive functional signatures did not differentiate with depth suggesting that redundancy
in potential function may be present among the diverse phyla identiﬁed throughout the mesocosm.
Nonetheless, water content explained a signiﬁcant amount of variation in phylogenetic composition, sug-
gesting that the distribution of soil moisture—including the relative prevalence of saturated versus unsatu-
rated conditions—was governing the structure, composition, and assembly of the communities. The null
model analyses in particular show that community composition was governed by deterministic processes
(e.g., selection by the abiotic environment) and that transport processes (i.e., dispersal) had relatively
little inﬂuence.
The broader implications of our results lie in assessing the length scales of variation in physical, chemi-
cal, and biological features between vertical and horizontal dimensions in natural environments. The
results here suggest that for oligotrophic systems there are major differences in the length scales of var-
iation between vertical and horizontal dimensions for which limited biogeochemical activity results in
weak horizontal gradients along hydrologic ﬂow paths. We hypothesize that in more productive/active
systems, the length scales of variation between vertical and horizontal dimensions may converge due
to the potential for more biogeochemical activity along horizontal ﬂow paths causing rapid shifts in
environmental conditions.
Because our results and inferences capture one snapshot after 2 years within a dynamic system, they are
likely to change and present a different perspective on incipient soil development as the system continues
to mature. Extending our spatially explicit characterization to be fully spatiotemporal and capture vertical
and horizontal dimensions of hydrobiogeochemical signatures represents an exciting new frontier that
has the potential to reveal key feedbacks between community assembly processes, microbial function, and
(bio)geochemical processes. This can potentially be used to develop predictive understanding of marginal
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soil progression (e.g., transformation of marginal soils, soils recovering from disturbances such as ﬁre,
erosion, intensive agricultural practices, or contamination, and soil material exposed by retreating glaciers).
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Erratum
In the originally published version of this article, the following authors were erroneously omitted from the
author byline: Triffon Tatarin, Edward Hunt, and Katerina Dontsova. As a result, the Author Contributions
and Acknowledgments sections published incorrectly. The author byline, contributions, and acknowledg-
ments have since been corrected, and this version may be considered the authoritative version of record.
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